In the paper, firstly, we fit the returns series with GARCH-EVT method, construct dynamic correlation coefficient matrix of elliptical copulas with DCC method, then analyze the dynamic dependency between stock index returns, finally calculate the CVaR of QDII funds through Monte Carlo simulation. Empirical study indicates that: while compared with dynamic Copula method, the static Copula model assuming the correlation between the assets is unchanged has overestimated the risk. CVaR value calculated by dynamic t Copula method is smaller than the one calculated via dynamic Gaussian Copula method. Accordingly, to optimize the investment portfolio, QDII fund manager should decrease the investment proportion in the developed market and emerging market while more money should be invested in Chinese A shares and the Hong Kong market.
Introduction
At present, QDII (Qualified Domestic Institutional Investors) is the only investor who can participate in international investment directly in China. Domestic institutional investors who meet certain conditions and are approved by the relevant department can obtain the QDII qualification. The theoretical basis of the QDII investment is portfolio theory which was proposed by Markowitz in 1952 [1] . Since this theory was put forward, portfolio and risk management has become one of the hot issues in the financial investment. But the traditional theory has at least two important defects. First, the traditional theory assumes that the sequence of univariate returns is normal distribution. But the empirical research shows that the financial market returns has the characters of peaking, fat tail, skewing, volatility clustering, so fitting the returns with normal distribution would cause much more error. The second defect is the assumptions of the linear correlation between variables. But analyzing the assets returns sequences can reveal the nonlinear correlation and the tail related features. And study shows that the correlation between financial markets has time-variance [2] .
When applied to univariate marginals, the Copula is a function resulting in a proper multivariate probability density function (p.d.f.) which contains all the information about the dependence structure of multiple risk factors. But most empirical studies have studied the risk with static Copulas. Among the few studies that did focus on dynamic Copulas, but the analysis was limited to two dimensions [3] [4] [5] . This paper uses GARCH model and extreme value theory to fit marginal distribution of single market, taking the features of peaking, fat tail, skewing, as volatility clustering of sequences into consideration. Although we can get the CVaR value of single market with GARCH-EVT model, the risk of QDII fund invested in multi-market is not the simple addition of those CVaR values of single market. In order to accurately measure the risk of QDII fund and avoid the two defects of multivariate normal distribution, this paper introduces dynamic time-varying Copula to fit joint distribution function of QDII fund portfolio. With the increasing of the dimensions, evolution of dynamic time-varying Copula parameter in the model will be too complex to estimate. Therefore, this paper adopts DCC method (Engle, 2002) [6] and lets the correlation coefficient of Gaussian Copula or t Copula be dynamic process. Then we can measure CVaR of the QDII fund after calculating the correlation coefficient between different markets. The dynamic Copula model which can define time-varying dependency structure of the markets is favourable for QDII risk management.
Data
As we all know, China has started implementing the QDII policy since June 20, 2006. In this section we choose four stock indexes, including MSCI China Free, MSCI EM, MSCI DM, and MSCI China A, to estimate the risk of China QDII fund. The data series used here are from January 2, 2006 to June 3, 2010 (The data source is from http://www.msci.com). We use the daily logarithmic returns defined
 , here P t is the close price of the index at time t. The data series give us 1415 observations for each inde
The descriptive statistics of daily logarithmic returns are presented in Table 1 . All series have non-zero skewness, and the skewness is negative. In addition, the kurtosis of all series is greater than three, besides the Jarque-bera statistic is not significant at the 5% level. Obviously, all series have fat tails and they do not follow normal distribution. The ADF test result indicates that there is no unit root and that the series follow a stationary stochastic process. The ARCH-LM test shows four stock indexes have heteroskedasticity. Then we can use GJR-GARCH (1, 1) model to study the movement of the stocks. Note: An asterix indicates that the parameter is significant at the 5% level.
GARCH-EVT-COPULA Model

Marginal distribution
As the actual financial time series have a fat tail and volatility clustering nature, therefore, EVT appears to be an appropriate approach for modeling the fat tail behavior. But applying EVT to the random variable R i,t is inappropriate because R i,t is not independently and identically distributed. Therefore, we first use GJR-GARCH(1,1) [7] model to fit the returns series, assuming the innovations follow a t distribution with the freedom v i . The results is shown in table 2. All the parameters of the GJR-GARCH(1,1) model, excluding the constant, are significant at the 5% level, and 1     , which means the model is a weak stationarity. Besides, the γ value of all indexes are significantly greater than 0, indicating the volatility of the markets has leverage effect.
Then we model the standard innovation with (POT) model, which assumes the innovation beyond the threshold following the GPD distribution [8] . Then we use the GPD distribution in the lower or upper tail and the empirical distribution in the remaining part. In the paper, we choose the exceedances to be 10 percent of the innovation for lower and upper tails respectively. The estimation results is in table 3. The K-S test statistics is not significant at the 5% level. So the standard residuals getting from the GARCH-EVT model are subject to iid (0,1) uniform distribution, and can well meet the requirements of Copula-GARCH modeling. Note: An asterix indicates that the parameter is significant at the 5% level. 
Copula estimation
Sklar (1959) [9] put forward Copula theory, and pointed out that multivariate distribution can be disintegrate into marginal distributions and a Copula connection function. As the relationship between variables changes over time, traditional Copula function only considers a cross section of the static related structures. Nelson (1999) and Joe (1997) [10] [11] put forward conditional Copula. In the paper, we assume the correlation t  of the main two elliptical Copulas, Gaussian Copula and t Copula, evolves through time as in the DCC(1,1) model of Engle (2002) [6] :
Where Q is sample covariance of t  , is a square 
The Risk Analysis of QDII Fund
We have get the correlation of the stock indexes included in the QDII fund portfolio. Then we can use conditional value-at-risk (CVaR), the expected loss exceeding value-at-risk (VaR), to measure the risk of QDII funds. The CVaR β (x) and VaR β (x) of the loss associated with any x∈X can be determined as follows ( see the details in Ref.
[12]):
If the sampling generates a collection of vectors y 1 ,…y q , then calculation of CVaR β (x) and VaR β (x) can be transformed into a convex and piecewise linear with respect to a, then the approximate expressions of Fβ(x, a) is as follows( see the details in Ref.
[13]) :
In the paper, we use Monte-Carlo simulating method to simulate 10,000 times, and get the logarithmic rate of returns and then analyze the VaR and CVaR calculated by different Copulas.
Portfolio risk under an equally weighted four stock indexes portfolio
With an equally weighted portfolio of four stock indexes (China free, EM, DM and China A), we can calculate VaR and CVaR of the portfolio. Table 6 indicates that under the same confidence level, VaR (CVaR) calculated from static Copulas is larger than that from dynamic Copulas. 
The optimal investment proportion of portfolio with minimum risk
In addition, we can find the optimal portfolio weight that minimizes the portfolio risk with different Copulas at different confidence levels. The results is shown in Table 8 . The optimal portfolio weights of dynamic Copulas are similar, but that of static Copulas vary a lot. Besides, the optimal portfolio weight calculated by all Copulas indicated the investment should concentrate on DM market, but with higher confidence levels, the weight of DM market becomes smaller while the weights of the other markets become larger. 
The Comparison under Optimal Portfolios
In this section, all the CVaR are calculated at the 5% level. 
Fi portion and
The comparison of efficient frontier between dynamic Copulas is shown in figure 3 . From the figure, we find that CVaR obtained from DCC t Copula is less than that from DCC Gaussian Copula. That is because the fat tail property of DCC t Copula make it able to capture the tail correlation. The optimal investment proportion of portfolio nally, with the dependence measured by dynamic copulas, we calculate the optimal investment pro the increase of returns, the QDII fund manager should decrease the investment proportion in the developed market and the emerging market while more money should be invested in and the Hong Kong market.
5.
aR are getting larger, QDII fund manager should decrease the assets allocation proportion in the developed market and the emerging market while more money should be invested in Chinese A shares and the Hong Kong market.
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Conclusions
In the paper, we simulate the probability density function resorting to GJR-GARCH model and EVT theory. We construct dynamic correlation coefficient matrixes of Gaussian Copula and t Copula using DCC method. Then we use CVaR, a consistent risk measurement method, to measure the risk of domestic QDII fund. Empirical study indicates that the value of CVaR calculated with dynamic Copula model is less than the one calculated by static Copula model respectively. That means static Copula models have overestimated the risk in a certain extent for assuming the correlation between the assets is unchanged. The CVaR calculated by dynamic t Copula model is always smaller than the one by dynamic Gaussian Copula, that's because t Copula captures the tail dependence between different markets. According to the above empirical study, while the returns and its CV knowledgements ferences
